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Varios art́ıculos han establecido que una alta densidad de linfocitos infiltrantes de tumor
(TILs, por sus siglas en inglés), está altamente correlacionada con un mejor pronóstico en
diferentes tipos de cáncer. Recientemente, algunos estudios han demostrado que la interac-
ción espacial entre los diferentes subtipos de TILs (por ejemplo, CD3, CD4, CD8) resulta
más informativa respecto al desenlace de la enfermedad en comparación con las métricas
relacionadas con la densidad de TILs. Un desaf́ıo con la subtipificación de TILs es que ésta
requiere inmunofluorescencia cuantitativa o inmunohistoqúımica, técnicas complejas, costo-
sas y destructivas de tejido. En esta tesis, presentamos un nuevo enfoque para identificar
subgrupos de TILs y cuantificar la interacción entre dichos subtipos y mostrar la asociación
de estas caracteŕısticas de interacción con la recurrencia en pacientes con cáncer de pulmón
en etapa temprana. El enfoque comprende un Modelo de Mezcla de Gaussianas junto con
un proceso Dirichlet que agrupa linfocitos de acuerdo a un vector de 186 caracteŕısticas, en
imágenes H&E. El abordaje se evaluó en una cohorte de 178 pacientes con cáncer de pulmón
de células no pequeñas en etapa inicial, 100 muestras se utilizaron para el entrenamiento del
modelo propuesto y 78 para la validación independiente. La informaćıon de recurrencia del
cáncer es obtenida en la historia cĺınica de los pacientes, donde la tasa de supervivencia a
5 años es el rango establecido sin recurrencia. estipula según ciertos criterios de recurrencia
cĺınicamente definidos. Se entrenó un clasificador de análisis discriminante lineal (LDA, por
sus siglas en inglés), junto con los linfocitos clusterizados para predecir la probabilidad de
recurrencia en el conjunto de prueba. Las caracteŕısticas arrojaron un AUC = 0,84 en com-
paración con un enfoque que tiene en cuenta únicamente la densidad de los TILs (AUC =
0,58). Además, un análisis de Kaplan-Meier mostró que las caracteŕısticas pod́ıan distinguir
estad́ısticamente entre la recurrencia temprana y recurrencia tard́ıa (p = 4∗10−5 con un alfa
de corte de 0.05).




A number of papers have established that a high density of tumor-infiltrating lymphocytes
(TILs) is highly correlated with a better prognosis for many different cancer types. Recently,
some studies have shown that the spatial interplay between different subtypes of TILs (e.g.
CD3, CD4, CD8) is more prognostic of disease outcome compared to just metrics related to
TIL density. A challenge with TIL subtyping is that it relies on quantitative immunofluo-
resence or immunohistochemistry, complex, expensive, and tissue-destructive techniques. In
this thesis, we present a new approach to identify TIL sub-groups and quantify the interplay
between these sub-populations to analyze the association of these interplay features with
recurrence in early stage lung cancer. The approach comprises a Dirichlet Process Gaussian
Mixture Model that clusters lymphocytes on H&E images according to the set of 186 featu-
res. The approach was evaluated on a cohort of 178 early stage non-small cell lung cancer
patients, 100 were used for model training and 78 for independent validation. Recurrence
information was extracted from the patient medical records, where 5 years survival is the
established range for remained recurrence-free. A Linear Discriminant Analysis classifier was
trained in conjunction with clustered lymphocytes to predict the likelihood of recurrence in
the test set. The features yielded an AUC=0.84 compared to an approach involving just TIL
density alone (AUC=0.58). In addition, a Kaplan-Meier analysis showed that those features
were able to statistically distinguish early recurrence from late recurrence (p = 4 ∗ 10−5 with
cutoff alpha of 0.05).
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1. Introduction
1.1. Lung Cancer
1.1.1. Nature of Cancer
Figure 1-1.: Illustration representing the states of tumor development. A malignant tumor
develops across time. Image source [1].
Cancer is plainly understood as a set of related diseases in which some cells begin to divide
without any control and start to spread widely into neighboring tissue and ultimately to
other parts of the body. There is not a specific place of where cancer can start, giving the
possibility of affecting almost the entire body.
The usual natural order of cells is to grow, divide, and be functional. Once they grow old
or are been marred somehow, they die and are replaced by new cells [2]. However, cancer
affects this organized process as some cells become abnormal (different sizes or shapes) and
the cells that supposedly have to die survive. Those abnormal cells can divide uncontrollably,
thereby generating tumors. These tumors are called malignant when they start to spread
or invade other tissues or break from the initial block of cells and travel through the blood
stream creating an exposure of forming new tumors (See Figure 1-1) [3].
The immune system is a complete network of protection of the body. It is specialized in
fighting infections and abnormal conditions. Usually, some cancerous cells are capable of
evading the control of the immune system. Others create an instinctively camouflage and
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hide from the immune system. Cancer arises due to some unusual changes within the genetic
code of a cell, which contains specifically how a cell grow and lately divide (See Figure 1-2).
Some of those genetic variations can be caused by the inheritance, damaged by environmental
exposure [4].
Figure 1-2.: Illustration representing a healhty cell, how a possible mutation in its DNA
may lead to a possible tumor formation. Image source [5].
1.1.2. Essentials of Lung Cancer
When cancer starts in the lung cells, it is known as Primary Lung Cancer. Being part of the
respiratory system and crucial for breathing, the right lung has three lobes, whereas the left
is smaller with two lobes and are cushioned by a covering layer known as pleura. Some of
the cells have certain changes and start to behave inappropriately. Sometimes those changes
can cause a benign (non-cancerous) tumors to exist like hamartoma and papilloma, but in
different circumstances can cause cancer [6].
Lung cancer is one of the leading cause of cancer death. Each year more people die of
Lung Cancer than of others combined, such as colon, breast and prostate cancers. Some
important facts can be observed in order to have a complete understating of the Lung
Cancer complexity:
Mortality
Lung cancer is the second most common cancer to be found in both women and men,
excluding skin cancer. It represents about 14 % of the new cancers [7].
Two out of three people diagnosed with lung cancer are 65 years old or older. Just 2 %
of the cases are relate to people younger than 45 years old [7].
Nearly 155,000 people die due to Lung Cancer. 154,050 people in the U.S. will die of
Lung Cancer in 2018 [8].
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Lung cancer accounts for the death of almost twice of breast cancer deaths in women
and three times of prostate cancer in men [8].
Incidence
1 in 15 people in the U.S. will be diagnosed with lung cancer in their lifetime [8].
Only 16 % of people will be diagnosed in the earliest stage, when the disease is most
treatable [8].
The majority of alive patients with lung cancer have been diagnosed within the last
five years. Lung cancer is present in the majority of elderly people [9].
Survival
Lung cancer has the lowest 5-year survival rate of the other common cancers with 18 %
compared to prostate at 99 %, breast at 90 %, and colorectal 65 % [8].
Among women, the risk of dying from lung cancer is 82 % greater than the risk of
dying from breast cancer [8].
Lung cancer, when is diagnosed and treated at an early stage, has a much higher
probability of survival, but most cases are not diagnosed until later stages [8].
More than half of people with lung cancer die within one year of being diagnosed [10].
Lung cancer causes a high rate of productivity lost due to deaths toll. It is the costliest
cancer compared to the other costliest cancers combined [8]. Despite the serious prognosis
of lung cancer, there exist cases where were diagnosed earlier (stage cancer) are cured [11].
1.1.3. Lung Cancer types
Lung cancer is primary when the actual origin is in the lungs. There exist two types of
primary lung cancer, depending on the type of cells where the abnormality begins. Non-
Small Lung Cancer is found unaccountably in more than the 80 % of the diagnosed cases. It
has two subtypes of cancer, the Squamous Cell Carcinoma (Adenocarcinoma) and the Large-
Cell Carcinoma. Small-Cell Lung Cancer is the less common type, with a specific appearance
of behavior as it spreads way faster than its counterpart [12].
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Figure 1-3.: Types of lung cancer through histology analysis. Less common types of lung
cancer include sarcomatoid carcinoma, salivary gland tumor, and unclassified
carcinomas. Image source [13].
Due to lung cancer behaves differently, it is directly related to the type of cell and related
structure where cancer starts. Usually the description of lung cancer can be done through a
histology analysis by a pathologist, in which the cells are observed carefully and supported
by genomic profiling [13].
Following the histological description made by the pathologist, there exist three main types
of lung cancer. Non-small cell lung cancer (NSCLC), which is the most common type of lung
cancer, with 85 % of the cases and has within, subtypes of cancers as well. Small Cell Lung
Cancer (SCLC) with 10 to 15 % of the cases, has the peculiarity of spreading at a hastily
pace. Lastly, Lung Carcinoid Tumor (Sometimes called lung neuroendocrine tumors) with a
5 % of the cases, rarely spread and grow at a slow speed [11]. A comparative description can
be seen in Figure 1-3.
Small Cell Lung Cancer (SCLC) It is also known as ’oat-cell’ cancer, due to cells look like oats
under the microscope. It starts particulary within the bronchi area, growing and spreading
to other parts of the body. It has two subtypes of cancer, known as Small Cell Carcinoma
and Combined Small Cell Carcinoma [14].
Lung Carcinoid Tumor or neuroendocrine tumors are a type of lung cancer. They are un-
common tumors and tend to grow slower than other types of lung cancer. It usually starts
within the neuroendocrine cells, which is a special type of cells in the lungs. They have
similar aspects compared to a nerve cell and a hormone-making endocrine cells [11].
The other type of lung cancer is the Non-Small Cell Lung Cancer, which is actually
one of the most common known lung cancer. It will be reviewed in the following section.
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Non-small cell lung cancer (NSCLC)
Figure 1-4.: Illustration representing the formation of Non-Small Lung Cancer within the
regions of the lung.Image source [15].
Non-small cell lung cancer is the most common type of lung cancer, with three distinctive
types of differentiating types, which were grouped due to having similar behaviour and
related response to treatment. These are denominated as adenocarcinoma, squamous cell
carcinoma, and large cell carcinoma.
Being composed of different subtypes of abnormal cells, Adenocarcinoma, is the common
form of lung cancer [16]. Its related to have up to 40 % of lung cancer cases, mostly related
to smoking as the main cause. In the majority of cases, cancer arise in the peripheral areas
of the lungs with a slight tendency of spreading towards lymph nodes (Figure 1-4). Adeno-
carcinoma in situ is a variation where it develops in multiple sites in the lung and spreads
through the alveolar walls [17].
Other sub-type corresponds to the Squamous Cell Carcinoma, which it used to be more
common compared to the adenocarcinoma. In this day, its lower to 30 % of total cases for
lung cancer. It usually emerges in the central chest area in the bronchi, staying most often
in the lung, growing into a quite large size, forming cavities [17]. Large Cell Carcinoma
is named because of how the cancer cells looks, as the cells appear to be larger and rounder
compared to normal cells [3].
The WHO updated some details about the classification of lung tumors. Some of the up-
dates made some insightful points such as the use of immunohistochemistry throughout the
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classification, new emphasis on genetic studies, in particular, integration of molecular testing
to help personalize treatment strategies for advanced lung cancer patients [18]. This work is
related to the 2004 WHO Lung Tumor classification, where NSCLC is not highly affected to
the new report.
Non-Small Cell Lung Cancer Staging
As described in [16], there are four stages of NSCLC, as follows:
Stage I: The cancer is located in the lungs and have not been spreading to the lymph
nodes.
Stage II: The cancer can be found in the lungs and neighbour lymph nodes.
Stage III: The cancer has broken into the lymph nodes in the middle region of the
lungs, referred as well as locally advanced disease. It is subdivided into two subtypes:
• Stage IIIA: The cancer has spread only to lymph nodes on the same side of the
chest where the cancer started.
• Stage IIIB: The cancer has spread to the lymph nodes on the opposite side of the
chest or above the collar bone.
Stage IV: The cancer has spread to lungs, areas around them, and possibly to others
organs of the body such as the liver. It is said to be the most aggressive stage.
Non-Small Cell Lung Cancer in Pathology
Certain medical analysis such as X-Ray, offers the possibility of visual inspection, where
abnormal mass or nodule formation in the lungs can be seen. Computerized tomography
(CT) scans, uses X-Ray at different angles, reveals small lesions in the lung. Sputum cytology
is found to be related to a cough when is producing sputum, a microscopic analysis of the
sample may reveal the presence of cancer cells [19].
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Figure 1-5.: Adenocarcinoma is a sub-type of Non-Small Cell Lung Cancer. It tends to
develop in smaller airways such as bronchioles, near the lung edges. Images
taken from [13].
The purpose of having a pathological analysis is to give a deeper understanding of the disease
into whereas it should be classified into, Figure 1-5. Through a tissue sample or biopsy, can
be done by a bronchoscopy, where doctors examine abnormalities in the lungs using a lighted
tube, directly through the throat and into the lungs. Mediastinoscopy, performing an incision
at the neck, allowing surgical tools to be inserted behind the breastbone and take tissue
samples from the lymph nodes. Similarly, a needle biopsy goes through the chest wall guided
by a CT or X-Ray scan. Another reason is to observe the extent of invasion and involvement
in the near and surrounding tissue. Other intriguing information can be extracted using a
molecular inspection for abnormalities for predicting sensitivity and resistance [19, 20].
It is quite important that the cancer cell analysis in the lab is perform in order to reveal the
type of lung cancer involved. With the specific characteristics of the cells, the prognosis and
guided treatment can be deliver exceptionally [19].
Tissue Micro-Arrays (TMAs)
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Figure 1-6.: Image illustration showing the process of creating the tissue microarray for
multiple analyses. Image source [21].
As there is a rapid increment of discovered genes being involved as suspects for cancer, the
need for quick clinical processes is in line, where higher volumes of primary tumors must be
analyzed. Traditional methods of molecular pathology are time-tied and cumbersome. Using
tissue microarray (TMA) samples, saves time as aim towards up to 1000 tumors arrayed in
one single paraffin block, allowing diverse in situ analyses. Using multiple TMAs allows for
a quicker and broader characterization of biomarkers of interest [22].
TMAs are created by extracting through a cylindrical shape hollow needle, tissue cores from
different regions of interest in sample paraffin blocks and re-embedding them into a single
microarray block within a defined array coordinates [23], as seen in Figure 1-6.
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1.2. Immune System
1.2.1. Functional aspects of the immune system
Figure 1-7.: Illustration describing the parts of the immune system: mucous membranes in
nose and throat, tonsils, thymus, spleen, bowel, mucous membranes in bladder
and genitals, bone marrow, and skin. Image source [24].
The immune system is responsible of protecting the body from any environmental damaging
influences. It is composed by different organs and cells, being one of the most complex
system in the human body (See Figure 1-7). The main priority of the immune system is
to neutralize pathogens like bacteria, viruses, and parasites that have entered the body. As
well as recognizing the noxious substances from the environment and, in some cases, to fight
against the own body’s cells, which could have been changed due to mutations by illness
such as cancer [24].
The lymphatic system consists of bone marrow, which produces white blood cells, spleen,
being the largest lymphatic organ in the body containing as well white blood cells that fight
infections, thymus, where the T-cells mature and are the one helping to destroy infected
cells, and lymph nodes, which produce and mostly store cells that fight the disease [25].
The leukocytes circulate through the body via blood and lymphatic vessels. They help to
monitor the body for invading or strange substances. There are two types of leukocytes, the
phagocytes (destroy invading organisms) and lymphocytes (multifunctional cells, from
remembering and recognizing invaders to destroying them) [26].
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1.2.2. Immune system and Cancer
The immune system has a pivotal role in the integrity of the organism, not just with the
protection against pathogens but it is tangled in cancer prevention. [27]. This system consist
of mainly two parts, the protection we have initially (in built immune protection) and the
part when the developing after certain diseases are fought (acquired immunity) [3]. At a
certain point, it is capable of fighting normal tissue and for long-term memory it can prevent
cancer recurrence. This is possible through a process known as immunosurveillance, which
helps to keep control of the tumors development [28].
Even though the main cause of death among cancer patients is the metastatic disease, it is
nothing but a complex process. Some roles of the immune cells have been linked to the inhibi-
tion and others to the promotion of the same metastatic disease. Therefore, the relationship
between the immune system and cancer its convoluted [29].
1.2.3. Memory of the Immunological System: Lymphocytes
Figure 1-8.: In this figure the blood cell development shows subtypes of Immune cells. Image
source [2].
The lymphocytes are a sub-type of white blood cell, mediators of the immune system. There
exist different kind of lymphocytes. They have sub-populations known as B (antibodies
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production), T (direct response) and NKC (innate defenders) cells [2] (See Figure 1-8).
Lymphocytes start in the bone marrow and they could stat or mature into the a B type
cell, alternatively they could mature into T cells. B lymphocytes and T lymphocytes have
separate functions: B lymphocytes are in charge of pursuing their targets and sending an
extra defense line. T cells are more directly involved in destroying the tagged cells.
The functional aspect of lymphocytes are reported when antigens are detected. This detection
triggers an immediate response by the B lymphocytes which then produce a great quantity
of antibodies or proteins that lock onto the specific antigen. the antigen-tagged cells then
are destroyed by the T lymphocytes. These antibodies are active for fighting future invasions
[26].
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1.2.4. Immunotherapy and Cancer
Figure 1-9.: The illustration shows the immunotherapy activation and application. Image
source [30].
Immunotherapy is basically a treatment which implements specific segments of a person’s
immune system to fight back diseases, in most of the cases, cancer. The general observation
is that there exist two main paths to apply this treatment. First, by stimulating their own
immune system to be more strong and bold on the offensive against cancerous cells and
second, using specific components of the immune system such as proteins and give extra
supplement to the system. Sometimes those therapies are known as biologic therapy or
biotherapy. It works for some types of cancer more than others, needing the assistance of
other types of treatment for a better outcome. Through time, this therapy has become a
crucial part of treatment with some improvement and variations along the way, strengthening
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the future against cancer [11].
Types of Immunotherapy
Some of the used treatments help to improve the immune system and as well as stimulate it
in different ways, listed as bellow (Taken from multiple sources [4, 11, 3]):
Checkpoint inhibitors are a type of drugs that help the immune system to increase
the respond against the tumor more firmly. They release a type of restraints which
keep the T-cells from killing cancer cells. The drug do not target the tumor directly,
they interfere with the ability of cancer cells avoid the immune system attack.
Adaptive cell transfer makes some changes to the genes in a person’s T-cells, helping
to improve their ability for recognizing and killing the cancerous cells. These cells are
taken from specific regions of the tumor and are vividly activated to be grown in much
larger batches in the lab to be later on used on the same tumor (See Figure 1-9).
Monoclonal antibodies (mAbs) is a type of protein that sticks or attached to a
specific protein named as antigen. Then identify intensely the cells that contains those
markings to be destroyed. They are considered as targeted therapies.
Treatment vaccines are basically used for boosting the immune system response
against cancerous cells, improving directly their attack response. Sometimes are com-
bined with adjuvants (other substances or cells) to boost even further. As the immune
system has this unique memory, it is particular usefull that the vaccines helps the
system for work for longer.
1.2.5. Immunotherapy in Non-Small Cell Lung Cancer
This well-known treatment uses the body’s first wall of defense against cancer. One of the
most crucial parts its to boost this system in order to improve not just the possibility of
finding out camouflaged cancerous cells from healthy cells but the effectiveness itself of the
immune system to fight back [31] [32]. There have been reports stating the patient’s survival
chance association with a antitumor immune response and the distributed presence of sub-
families of immune cells (T cells, natural killer cells, dendritic cells) [33]. Emerging evidence
on immunotherapy efficacy opens the possibility for individual approach, given targeted
treatments a true meaning of personalized medicine [34].
Different type of immunotherapy related checkpoint inhibitor agents have been demonstrated
positive responses in advanced cases of NSCLC. Some patients exhibiting more permanent
responses after discontinuing therapy. Two of the known checkpoints targeted the program-
med cell death-1 (PD-1) and program death-ligand 1 (PD-L1) expressions were approved to
be used as a progressive line of therapy in NSCLC[35].
14 1 Introduction
Immune checkpoint inhibition plays an important role, the immune evasiveness of NSCLC
is still real. It can be linked to cellular and molecular characteristics in the tumor micro-
environment. Usually one with the inflamed T-cell phenotype that actively suppresses immu-
ne activation and a non-inflamed phenotype that passively escapes immune detection [36].
Although these options have shown tremendous potential, response rates still remain low
(except for cases where tumors expressing PD-L1 is at high levels), more experimentation is
needed such as combining different approaches such as chemotherapy, radiation and other
immunotherapeutic agents [35].
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1.3. Tumor-Infiltrating Lymphocytes (TILs)
Figure 1-10.: The Illustration showing the representation of TILs among tumor tissue.
Lymphocytes that infiltrate tumor regions, are known as TILs. They have been studied
meticulously the past decades, for potential use as effectors of adoptive immunotherapy.
Initially analized by isolating them from tumor tissue, cultured in vitro and expanded for
future autologus administration [37], as pioneered by the NIH Surgery Branch [38]. TILs
have been considered as a response of antitumor immunity, representing a heterogeneous
population, mostly growing within the tumor [38] (Figure 1-10) and with a strong predictive
value [39]. TILs presence have been directly linked to an improved prognostic outcome with
advanced NSCLC [40][41].
TILs are detected on haematoxylin and eosin (H&E) stained samples, where they are distin-
guished by their standard aspects of their features. They are usually divided into different
compartments, such as stroma and intratumoral sections. As fibrous stroma is considered
part of the malignant tumor, those infiltrating lymphocytes are truly the ones penetrating
the tumor. The intratumoral TILs are motile within the nested tumor cells, being in line for
a direct contact [42, 43], giving a sense of complex behaviour of the lymphocytes, no just for
the existence of different compartments but as the tumor microenvirment start to form.
A common procedure is to identified TILs by a straightforward quantification, giving a
relation between their presence within an area and the tumor. As when analyzing strictly
the intratumoral area, it may be convoluted due to the increment of different cells being
clustered, in the stroma, the sense of TILs can be appreciated as they are at the bring of
attacking or invading the tumor nested cells [42, 43].
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In a sense, TILs carry a difficulty for when a visual analysis and manual assessment is
applied. The distribution for instance, may not be consistence across different H&E-stained
sections, giving an open problem for emerging interobersver and intraobserver variability,
still the added value for prognostic and predictive capabilities is continuous [44, 43].
1.3.1. Subtypes of TILs
Subtypes of lymphocytes have been mentioned in particular studies, where [45] highlights
the influence of certain quantity of one type of lymphocytes has more association with a
better prognostic than others. [43] gives a similar view, where the relevance of these cells
is demonstrating a possible path for clinical setting. Each different type of lymphocytes
perform different tasks, in conjunction with one-another. Stromal and intratumoral TILs
form a complex mixture of those subtypes of lymphocytes, where are mostly dominated by
T-cells, proportions of B-cells and natural killer cells [43].
Figure 1-11.: Left side shows the structural composition of a quantitative immunofluo-
rescence image with different colours denoting a specific lymphocyte sub-
population (red channel for CD3 T-lymphocytes, green channel for CD8 cy-
totoxic T-cell, purple for CD20 B lymphocytes, yellow for pancytokeratin
epithelial cells). Right side its the same sample but with H&E staining. Ima-
ge source [45].
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TILs subtypes are clearly visible through a technique known as immunofluorescence, which
uses antibodies that are linked to an fluorescent dye. When the antibody binds with the
antigen in the tissue sample, the enzyme is activated, therefore visually observed under
the microscope [45]. It is a useful method to identify cancer related aspects, apart from
differentiating the immune cells (See Figure 1-11), but it’s an expensive solution and not
widely available for precision medicine and immunotherapy.
1.3.2. TILs presence in Non-Small Cell Lung Cancer
The involvement of TILs in NSCLC have been reported in multiple studies [46, 47, 48] where
the immune response relates to the development, progression and prognosis of cancer. One
possible analysis is the exploration of infiltrated immune cell in the tumor, giving more
interest to the microenviroment and therefore to the different subtypes of lymphocytes [49].
Infiltration of lymphocytes has a positive relation to the patient’s survival as well as for
those with surgical procedures [50].
Other studies take into account the importance of TILs, where [51] analyzed different as-
pects of overall survival and disease-free survival, where the presence of TILs were strongly
correlated. They analyzed differences in patients that receive immunotherapy, from other
cases where the first line of treatment for NSCLC was exposure to stronger approaches, such
as chemotherapy. Both have an impact on the tumor immune environment [49], nevertheless,
chemotherapy may have as a result, stronger side effects in the long term.
1.3.3. Immunotherapy and TILs
There exist multiple studies that demonstrate the pre-clinical importance of TILs based
on the adoptive T cell-based immunotherapy in NSCLC, which are functionally inhibited
in vivo and expanded ex-vivo demonstrating recognition of the autologus tumor cell [47].
Others, shows the relationship of TILs and their PD-1 expression, where certain percentage
of them were lower in B7-H1-positive tumor regions than in B7-H1-negative tumor regions
[52]. Even though the influence of immunotherapy towards TILs interaction with cancerous
cells is expanding and greatly modified the treatment of lung cancer, there are some lack
of response from NSCLC patients towards drug treatment on the inhibition of PD-1/PD-L1
[53], leaving unmet needs for a broader utilization of TIL populations.
Microenviroment complexity and TILs population variability are two problematic obstacles
for thorough clinical analysis. One main challenge that emerge is the difficulty in giving an
appropriate treatment that does not fit all patients. Due to this reason, exploration of the
tumor microenviroment in NSCLC is an ongoing area of reasearch [54], where the motivation
is prolonging of all patient’s live.
As [42] and [45] stipulated, the need for exploring the relation between quantifying TILs
in the TME and their complex interaction with cancerous cells, urge for broading different
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angles of immunotherapy, giving a genuinely clinical relevance to host immunity and TILs
significance in cancer.
1.3.4. TILs in tumor microenviroment (TME) exploration
Figure 1-12.: The illustration shows the tumor microenviroment (TME). It consist of a wide
arrangement of mainly healty and cancer cells, as well as immune cell. They
conformed a complex network that most of the cases, foster tumor growth
due to cancer cells evading immune surveillance. Image source [55].
When referring to TILs in different aspects, we must mention the existence of the tumor
microenviroment (TME). TME is formed first by the composition of malignant or cance-
rous cells that interact with others cells that have not been corrupted. This convoluted
environment is at all times in constant changes. Usually the healthy cells are in a state of
tumor-promoting function, even at all the stages of the carcinogenesis [56].
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As the initial formation of the TME embarks the corruption of healthy cells by the malignant
cells, the immune system is in charge of protecting against this occurrences, therefore immune
cells are present as well in the TME (Figure 1-12). Other cells and structures as well form
part such as the fibroblasts, pericytes, tumor vasculature and lymphatics [56].
The immune cells have an unique task in hand, where their different types of lymphocytes
carries specific functions. T lymphocytes are for example, composed of different population
of cells. One of them is the memory T cells, normally antigen capable of killing tumor cells.
This cells are helped and supported by the T helper cells, that are characterized for secreting
cytokines interleukin-2 (IL-2). There are some cases where another type of T cells, known
as TH17 or T helper cell type 17, producing IL-17A, IL-17F and IL-22, have been linked to
promote tumor growth [57].
Other type of immune cell, is the B cell, usually found nearby the invasive limit of the tumor.
The infiltrating B lymphocytes in the TME, has similar aspects to T cells, where they have
different types of populations; Some are immunosuppresive and others like the regulatory
B cells (Bregs) or B10 cell, that increases the tumor burden and inhibits tumor immune
responses. Natural Killer cells are other example, where its have been observed to infiltrate
deeply the tumor stroma, sometimes are not found to be in contact with tumor cells but for
some cancers such as lung cancer, can predict a good prognosis [56].
The known complexity of this formation of different and distinctive types of immune cells,
where some are associated with a good prognosis in different type of cancer, have a convo-
luted view, as sometimes other subtypes of cells carries tumor-promoting roles within the
population of B and T cells [56].
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1.4. Thesis Overview
Figure 1-13.: The illustration shows the immune microenviroment; TILs can be observed
adjacent to the tumour area (Stromal TILs) as well as the infiltrated tu-
mour areas (Intratumoral TILs). TIL population is conformed by cytotoxic
(CD8+) and helper (CD4+) T cells, B cells, some follicular dendritic cell (an-
tigen messenger cells) and granulocytes. Tertiary-lymphoid structure (TLS)
its characterized by mainly B lymphocytes with germinal centre containing
follicular dendritic cells (TLS typically form incomplete ring around the tu-
mor area), they are more difficult to identify due to the disruptions created
b by the tissue extraction from core biopsies [43]. Taken from from [43].
Even though there are well known cancer treatment such as chemotherapy and radiotherapy,
they have strong consequences and negative post-treatment results [58], where sometimes
patients do not response well to treatment. There is a need for having a method for precise
projection of a treatment, if patients will respond well or not and probability of cancer
recurrence. Immunotherapy for example, is a treatment that has less side effects, boost the
immune system towards a stronger response. With lymphocytes being the main protagonist
in the matter due to their memory capability for longer-lasting effects [59].
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It has been demonstrated that, a good prognostic for patients can be linked to TILs and
their high incidence in the microenviroment [45]. TILs as well are directly involved with
immunotherapy treatments. One method to analyze them, is the manual assessment and
quantification, which is a time-consuming task. The intra-tumor heterogeneity compounds
other aspect of difficulty regarding the ability for an appropriate scoring of TILs [60]. No-
netheless, studies highlighting the significance of TILs for possible clinical use in different
type of cancers [61, 62] as well as for lung cancer [45] are now available. TILs however, are
formed by different subtypes of lymphocytes, each with different functions and featuring
different aspects of interaction with tumor cells (See Figure 1-13). Reports indicates that
some TILs subtype carry a good prognostic [43] for certain patients and other TIL subtype
promote tumor growth [57]. Although there exist a method for analyze subtypes of TILs
through quantitative immunoflorescence (QIF) [45], it is a method not widely used and a
costly procedure, compared to Haemotoxylin and Eosin (H&E), which is a faster procedure.
This leave a gap for a clear understanding of how this interaction of different subtypes of
TILs in the convoluted TME are and how they could potentially have a prognostic value. A
method to explore the formation of groups of lymphocytes and their interaction in this mi-
croenviroment, may give an insight to this problem and the possibility of uncovering groups
related to better prognostic.
1.4.1. Problem
Despite the fact that, the degree of lymphocyte infiltration is predictive of a better local respon-
se to neoadjuvant treatment and prognostic of long-term disease control [42], quantification
and analysis of TILs still carries a difficult task in H&E-stained images. Even further, TILs
have subtypes of cells and a convoluted interaction with tumor cells that could potentially
hinder the analysis. A method is therefore necessary to explore complex formation of TIL
groups and such could describe their convoluted interaction in the TME.
1.4.2. Research Question
How to objectively measure the degree of tumor-infiltrating lymphocytes and correlate it
with the patient outcome?
1.4.3. Objectives
Main
To propose, implement and validate a method that established objectively the degree of
lymphocyte infiltration in hematoxylin & eosin-stained images.
Specific
To segment the nuclei in the H&E images.
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To identify lymphocytes in the segmented images.
To discriminate and quantify lymphocytes.
2. Phenotyping Tumor Infiltrating
Lymphocytes (PhenoTIL) on H&E
Tissue Images: Predicting Recurrence
in Lung Cancer
2.1. Introduction
It is well-acknowledged that most tumors trigger an immune response modulated by tumor-
infiltrating lymphocytes (TILs)[42]. Different studies have shown that density of TILs is
highly correlated with the disease progression, patient survival, and treatment response in
different types of cancer [42, 45, 63]. Recent works, however, have suggested that studying
immune infiltration might not be as valuable as evaluating the relative concentrations of the
different TIL subtypes, each of which may have different biological roles in tumor control
[45]. While some of these TIL populations might stimulate an anti-tumor response, others
might promote cancer progression [42]. Unfortunately, the different TIL subtypes are difficult
to spot by manual inspection in Hematoxylin and Eosin (H&E) stained samples.
For instance, multiplexed quantitative fluorescence (QIF) or immunohistochemistry (IHC)
is needed to be able to identify the TIL subtypes including CD3, CD4, and CD8 TILs. In
[45], Schalper et al. showed that the increased levels of CD3 and CD8 TILs were associated
with improved outcome in non-small cell lung cancer (NSCLC). Interestingly, in [64], the
spatial interplay between different families of intratumoral TIL cells was correlated with
survival in pancreatic cancer. More recently, in [65], the authors showed that the spatial
interplay between tumor and regulatory T cells was associated with survival in NSCLC.
However, in all of these studies QIF or IHC was employed for TIL subtyping, non-trivial and
tissue-destructive processes.
However, even though the different TIL subtypes may not be visually discernible on routine
H&E tissue slide images, there is no doubt that spatial architecture of the different TIL
phenotypes could be more prognostic of disease outcome compared to TIL density alone. In
this work we present a new approach called Phenotyping of Tumor Infiltaring Lymphocy-
tes (PhenoTIL) for identifying potential TIL cluster families and their spatial architecture
from routine H&E images, potentially obviating the need for more expensive and tissue
destructive approaches such as QIF and IHC. Quantitative measurements derived from the
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PhenoTIL approach were then applied to predicting recurrence in early stage NSCLC and
the approach compared strategies based off the density of TILs and using the extracted local
and contextual TIL features with no clusterization.
2.2. Previous work and novel contribution
Given the increasing evidence that TILs play a role in disease outcome [45, 42, 63], there has
been substantial interest in developing computerized image analysis approaches for quantif-
ying the presence and extent of TILs from both H&E and QIF and IHC images and predicting
the outcome and response to therapy. However since this work is focused on analysis of H&E
images alone, we briefly review some of the previous computerized image analysis approaches
involving recurrence prediction and TILs from H&E images. Quantitative image features of
general nuclei shape and arrangement have been reported to predict lung cancer recurrence
with an accuracy of 82 % (n=119) and a good prognostic value p−value = 5e−9 on a testing
set [66]. Others show similar results [67], with a lower prognostic value p − value = 0,028
for adenocarcinoma and p − value = 0,028 for squamous cell carcinoma, both works va-
lidated using TMAs image samples. Corredor et al. [68] explored the spatial arrangement
and architecture of the TILs in NSCLC, obtaining a recurrence likelihood p− value = 0,02
and a high predictive value with a multivariate cox proportional hazard analysis of 3.08
p− value = 7e−5.Graf et al. [69] developed a strategy to segment and count lymphocytes on
histology images based off morphology and connected components. Basavanhally et al. [70]
presented a scheme in which histology images were characterized by means of architectural
features (graph-based and from nuclear attributes), and then a support vector machine clas-
sifier was trained to determine whether the grade of infiltration is low or high. Allard et al.
[63] used an approach to automatically identify lymphocytes based on color and size, and
then determined whether TIL density was high or low depending on the number of detected
lymphocytes. More recently, Turkki et al. [71] applied a transfer learning approach in which
a convolutional neural network (CNN) was used to identify TIL rich regions. The approach
described in this work, PhenoTIL is unique in that it represents the first attempt to use ma-
chine vision to automatically identify and analyze different TIL families from routine H&E
images.
The PhenoTIL approach involves employing an automated detection followed by clustering
of lymphocytes in H&E images to establish a relation between different potential TIL families
(See Figure 2-1). Different studies have suggested that TIL subpopulations are strategically
distributed with respect to the tumoral cells and their spatial location might have biologi-
cal meaning and relevance[45]. A consequence of this finding is that any representation of
the tumoral relationships should take into account the contextual information, i.e., groups
of cells rather than individual nuclei. For this reason, a set of morphological and context-
based features that attempt to model the tumor environment and the relationships between
lymphocytes and their surrounding cells (lymphocytes and non-lymphocytes) need to be
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explicitly defined. In the PhenoTIL approach, lymphocytes are grouped under a Dirichlet
Process Gaussian Mixture Model (DPGMM), which involves clustering the data via a non-
parametric Bayesian framework that describes distributions over mixture models with an
infinite number of mixture components. The advantage of such grouping is to bypass assum-
ptions about the number of TIL clusters. Subsequently, each image is characterized by the
histogram of occurrences of the identified TILs within the particular partition defined by the
groups. Finally, this PhenoTIL signature is used to train a machine classifier to predict the
likelihood of recurrence in early stage NSCLC patients.
Figure 2-1.: Illustration of PhenoTIL methodology for identifying TIL subtypes.
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2.3. Methodology
2.3.1. Identification and characterization of lymphocytes
A watershed-based algorithm [72] is firstly applied to segment nuclei on the image (Figure
2-2). Considering that lymphocyte nuclei are generally distinguished from other cell nuclei
by their smaller size, more rounded shape, and a darker homogeneous staining [70]. We first
segment all possible nuclei and then subsequently classify them either lymphocytes or non-
lymphocytes (mainly, tumor cells) using different nuclei texture, shape, and color features
[73] (See Figure 2-1(b) and 2-3). The model for identifying lymphocytes was trained with
13 Field of View (FoV) patches, similar size of a TMA with 1000 x 1000 pixels of size at
40X magnification. The precision and recall reported was 89.12 and 83.57 respectively [73].
Contextual feature space of lymphocytes
Subsequently, each lymphocyte is characterized by its own local morphological features and
by a set of contextual features to describe the lymphocyte and its surroundings/neighborhood.
For each lymphocyte, a set of circles with incremental radii1 of k = dL×10, dL×20, dL×30
pixels were placed at the lymphocyte center; dL = 20 pixels being the average diameter
of all the detected lymphocytes. Finally, a set of features are computed within each circle
and used to characterize the lymphocyte (See Figure 2-1(c)). These features aim to measure
the grouping factor of lymphocytes, relative lymphocyte-cellular density, lymphocyte tissu-
lar density, variation of the median intensities of lymphocytes, relative lymphocyte-cellular
interspersing, among others (Figure 2-4).
The feature dimensionality its composed of 288 features, which 189 are from contextual and
99 from local information. As the contextual information is extracted at three different radii
(k = K1K2K3), the standard contextual features are then 63. Table 2-1 describes the main
set of contextual features. In the Appendix A is the full set of features as a list of short
descriptions.
1Different radii were used aiming to model a multi-scale approach
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Figure 2-2.: Nuclei segmentation consists of detecting candidate regions of interest from
each HE image which ultimately are registered as nuclei.
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Lymphocytes
non-Lymphocytes
Figure 2-3.: Lymphocyte identification approach is composed of using mainly local morp-
hological features from each nucleus such as color, shape, texture and classified
by a SVM.
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Table 2-1.: Contextual Features
Sum of the inverse Euclidean distances between the lymphocyte
on the center of the circle and the other lymphocytes in the circled
area.
Ratio between the sum of the area of lymphocytes and the area of
non-lymphocytes.
Ratio between the sum of the areas of lymphocytes and the eosi-
nophilic tissue area.
Ratio between the number of lymphocytes and the number of non-
lymphocytes.
Average of the squared differences between the median intensities
of lymphocytes.
Ratio between the area of the convex hull containing all the lymp-
hocytes and the convex hull containing non-lymphocytes.
Intersection between the convex hull containing all the lymphocy-
tes and the convex hull containing all the non-lymphocytes.
Median of distances from each lymphocyte to closest non-
lymphocyte neighbor.
Ratio between the median of the distance between all the lymp-
hocytes and their closest lymphocyte neighbor and the median of
the distance between all the non-lymphocytes and their closest non-
lymphocyte neighbor.
Number of lymphocytes within a convex hull of non-lymphocytes.
Sum of distances between the centered lymphocyte and its non-
lymphocytes neighbors.
Morphometric feature space of lymphocytes
For each of the lymphocytes, basic information was extracted, namely the area of the segmen-
ted nuclei, ratio of the major and minor axis, intensities of the luminance channel, median of
the red channel of the RGB, as well as the entropy, for a total of 13 features. Other set wit-
hin the local features are the Zernike moments, which are a set of rotation-invariant features
(Magnitudes of a set of orthogonal complex moments of a binary image) related to geome-
trical moments [74]. The set of Zernike features composed of 72 moments were applied from
[75]. Another set of local features, known as the Haralick features are texture characteristics
describing in gray scale dependencies, features such as the angular second moment, contrast,
correlation and inverse different moment, for a total of 14 set of features [76] adapted and
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applied from [77]. The main morphometric local features description can be found in the
Table 2-1.
Local information in the Table 2-1 is the description of the main set of local morphometric
features. In the Appendix A is the full set of features as a list of short descriptions.
Table 2-2.: Morphological Features
Total area of pixels conforming the contoured lymphocyte.
Deviation of the ideal circular shape of the lymphocyte (eccentri-
city).
Ratio between the major and minor axis of the lymphocyte’s area.
Median measure of the red RGB channel of the pixels.
Entropy measurement of the pixels.
Minimum value of the luminance channel.
Maximum value of the luminance channel.
Zernike Features: 72 set of rotation-invariant geometrical mo-
ments.
Haralick Features: Angular second moment, contrast, correla-
tion, sum of squares (Variance), inverse difference moment, diffe-
rence variance and entropy, information measures of correlation.
Figure 2-4.: Contextual information is regarded as taking into account the information from
neighboring cells, not only lymphocytes and cancer cells in the vicinity.
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2.3.2. Clustering analysis
Gaussian mixture models are probabilistic models that assume all the data points are gene-
rated from a mixture of a finite number of Gaussian distributions with unknown parameters.
In such cases, a Dirichlet Process as a prior distribution of the number of clusters, makes
that the probability mass can be easily re-distributed (Figure 2-6). DPGMMs can then au-
tomatically learn the number of clusters adjusted to the observed data, which make them
suitable for unsupervised clustering scenarios. The general view of the approach can be seen
in Figure 2-5.
The hyperparameters used for the implementation of the DPGMM algorithm were speci-
fically two. First, the upper limiting variable, which changes according to different values,
from an initial k = 3 to k = 15. This is the maximum possible number of forming clusters
according to a limit and does not affect in any way the behaviour of the algorithm to find
the best fit for all the lymphocytes, it is just used as a controlled variable [78].
The weight concentration prior its related to the α variable for the Dirichlet process prior
(Annex B), was found to be near or equal to values of 1e6, which in term it was observed that
the model would have more chance to find a larger number of clusters to be active, and not
to be limited to a specific number of clusters. This behaviour as well as the hyperparemeters
and DPGMM can be observed in the Annex B.
Figure 2-5.: The grouping is defined by the Dirichlet Process Gaussian Mixture Model
(DPGMM), a distribution-based clustering process which uses the Dirichlet
process as a prior and the GMM to modulate the data until the best fit is met.
The DP prior helps to initiate the weights according to the data, with a more
soft frontier and a clear positioning of GM model.
Finding the lymphocyte clusters is performed as follows. First, it is assumed that there exists
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an infinite set of latent groups, each described by a set of parameters (e.g., a Gaussian with
mean µ and standard deviation σ). Then, each lymphocyte must be assigned to a cluster,
similarly to the ”Stick-Breaking process”, as follows:
There is a stick of length one.
A random variable β1 ∼ Beta(1, α) is generated, a real number between 0 and 1 is
set by the Beta distribution, with expected value 1/(1 + α). α is the concentration o
scaling parameter, a positive real number that influences the dispersion of data points
(A low α value will generate more tightly clustered data points while a high value will
generate more clusters). The stick is then Break off at β1 and w1 is the stick length at
the left.
Now take the stick at the right, and generate β2 ∼ Beta(1, α). Break off the stick at
β2 and again, w2 is the length of the stick to the left, i.e., w2 = (1− β1)β2.
Figure 2-6.: Illustration of a DPGMM. xi are the observed data points, zi is a set of labels
assigning xi to one of the k clusters. Cluster parameters are π (mixture pro-
portions) and θ (cluster means and covariances) with associated uninformative
priors (α and λ)
2.3.3. Image characterization
Once lymphocytes are assigned to a group, histopathologic images may be characterized
using the clusters obtained via the DPGMM. For this purpose, a particular image is then
represented by a histogram containing the number of TIL occurrences per cluster. These




The dataset consisted of 178 H&E-stained tissue cores, corresponding to 178 different cases,
from two independent and well-characterized collections of NSCLC represented in tissue mi-
croarrays (TMAs). The cancer recurrence information was obtained from the clinical record
of the patients, where those that remained recurrence-free for 5 years or longer have an
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overall survival and are understood as non-Recurrence cases. For YTMA79 it was collected
from the Yale Pathology between 1988 and 2003 and YTMA140, collected indepdently at
the Sotiria General Hospital and Patras University General Hospital (Greece) between 1991
and 2001. Clinico-pathological information from patients in both cohorts was collected from
clinical records and pathology reports [45]. TMAs were prepared using standard procedures
and digitally scanned at ×20. Each tissue core was digitized within an image with 1500×1500
pixels which was labeled as either Recurrence or Non-recurrence.
2.4.2. Experiment 1: Assessing the performance of PhenoTIL
PhenoTIL was evaluated in terms of its ability to determine whether a NSCLC patient is
at risk for disease recurrence. For this purpose, the whole dataset (See subsection 2.4.1) was
randomly split into a learning (n = 100) and a test (n = 78) sets. The training set presents
the binary classes to be balanced (50 for Recurrence and 50 or non-Recurrence) and the
testing set is unbalanced (52 for Recurrence and 26 for non-recurrence). The learning set
was used to determine the clustering parameters and to train a Linear Discriminant Analysis
(LDA) classifier model that separates cases into two classes: recurrence and non-recurrence.
Different α values were used for clustering (α = {1e3, 1e6, 1e8}), which the most significant
being α = 1e6. The performance of each set of clusters was assessed on the training set using
the binary class information, were the best set of clusters separated better the classes. In
addition, PhenoTIL was compared against two different approaches. The first is a model
in which images are characterized by the lymphocyte local and contextual features without
clustering (Annex A). A second prediction model was also constructed based off the density
of TILs in the image, i.e., the ratio between the number of extant lymphocytes to the total
tissue area.
Rows 1 and 2 of Figure 2-7 present some visual results corresponding to two non-recurrence
cases while rows 3 and 4 illustrates two recurrence cases. These results show that some
lymphocyte populations tend to appear more frequently on the recurrence cases while others
are more common in non-recurrence cases.
Left panel of Figure 2-8 presents the Receiver Operating Characteristic (ROC) curves corres-
ponding to 1) a model using only TIL density, 2) a model using only local and contextual TIL
features, and 3) the PhenoTIL model using different α values (α = {1e3, 1e6, 1e8}), which in
turn resulted in k values of 5, 8, and 10 clusters respectively. The corresponding AUCs were
0.58, 0.61, 0.80, 0.84, and 0.81, respectively. Results show that PhenoTIL outperformed the
other models and a total of 8 clusters, resulted in the highest area under the curve of 0.84.
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2.4.3. Experiment 2: Survival analysis using PhenoTIL
Figure 2-7.: Summary of results.Rows 1 and 2 present two non-recurrence cases while rows
3 and 4 show two recurrence cases. 1st column: original image, 2nd column:
TIL identification, 3rd column: TIL clustering (8 clusters), and 4th column:
correspoding histogram derived from clusters.
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Right panel of Figure 2-8 shows a Kaplan-Meier survival curve. We employed the previously
optimally determined number of clusters (8) for locking down the PhenoTIL classifier for
the survival analysis on the test set. PhenoTIL resulted in highly statistically significant
separation between the patients who did and did not have recurrence following surgery.
Figure 2-8.: The left side illustrates the results for the Experiment 1, showing a ROC
curves of PhenoTIL and comparative strategies. The right side correspond to
the results of the Experiment 2, showing the Kaplan-Meier curve of PhenoTIL
using 8 clusters.
2.4.4. Experiment 3 (Comparative Approach): Multiple Deep
Learning architectures
Deep learning have become a major out of the box tool for multiple biological analysis [79]
including predictive possibilities [80]. One of the most crucial parts of a consistent analysis
is understanding the quantity of models available for developing back-end deep learning
[81][82][83][84]. In this case, we tested multiple architectures towards a predictive model,
Figure 2-9, following the same layout of testing and training as the past experiments. Some
results can be appreciated in Figure 2-10, where even tough the results are appropriate and
promising, due to the interest of proposing a continuous work and the need to unravel the
possible meaning of lymphocyte complex interaction, the DL method would not be suitable
in this case.
The used classification task was the same as for the past experiments, where the same
training and testing set of images were used (training set = 100 and testing set = 78). In
order to have a more robust set of images for training, usually required for most of the deep
learning models, the images were generated according to some augmentation options, such
as rotation of the image, shearing, zooming and flipping (At least an increment of seven
times the original training set was generated).
The images which are usually RGB channels with 0-255 (1/256) color range, were re-scale
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to a 0-2 range (1/128), making them to have an evenly contribution and are more easily
processed by the Neural Network. The 1500x1500 TMA images were processed before being
incorporated into the image augmentation step, as are with a higher dimension, a resize were
performed and generated different types of image augmentation options such as rotation,
aiming towards a 299x299 pixel size (height and width). The epoch set to 25, establishes the
training set to be passed forward and backward through the Neural Network. The batch size
is set to 8, which a single batch would contain approximately 12 images. The steps then get
to be defined as images/batchsize = steps, that in this case is equal to 12, meaning that
we would use 12 batches to complete a single epoch, instead of passing a single image each
time. In order to avoid training a Neural Network (NN) from scratch, a pre-trained weights
was initiated, which was done so using the ImageNet dataset [85].
The optimization algorithm used is known as ’Adam’, name adapted from the adaptive mo-
ment estimation. It uses individual adaptive learning rates for different parameters regarding
the first and second moments of the gradients. Is the combination of two algorithms, the
adaptive gradient and the root mean square propagation [86]. The loss function is known as
the categorical cross-entropy, which basically measures the performance of the classification
model within the NN and has a binary output. The cross entropy measures two probability
distributions, the true label and the current model distribution, being improved for each
epoch.
Figure 2-9.: The General architectural blocks segment briefly represents size and quantity
of the complexity of each model. Xception with 14 convolutional blocks, VGG-
19 with 5 blocks, Inception V3 with 94 blocks and denser layers, similar to
Inception ResNet V2 with 203 blocks and DenseNet-121 with a total of 16
blocks.
2.5 Concluding remarks 37
Figure 2-10.: It illustrates the ROC curves of the different architectures following the same
experimental layout from the Experiment 2.
2.5. Concluding remarks
In this work we introduced Phenotyping Tumor Infiltrating Lymphocytes (PhenoTIL), a
novel approach for phenotyping TILs from in H&E images. This strategy exploits contextual
features of lymphocytes and clusters them under a DPGMM framework. In a test set of n=78
patients, PhenoTIL was found to highly statistically significantly distinguish early from late
recurrence in early stage non small cell lung cancers, The approach was found to be superior
compared to an approach employing descriptive features of TILs and TIL density alone.
Future work will entail validating the TIL subtypes identified via PhenoTIL using a QIF or
IHC based approach.
2.6. Future work
This work puts into perspective possible paths of ideas to follow, which in perspective, some
of its limitations regarding the further exploration of the found clustering lymphocytes and
their possible true meaning of their formation. The relationship that they possess towards
the biological existence of sub-populations of lymphocytes observable in a different image
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analysis could be as well explore ahd look into. The different subtypes of lymphocytes (CD3,
CD4, CD8, CD20 marks) can be projected within the clustering formation and observing
the percentage of those subtypes in the significant found cluster.
Even though the cluster formation showed to be significant regarding their prognostic value,
it is still to be explored the meaning of the relationship between themselves and the reason
why some clusters are more significant than others. Certain differences as well between
clusters could carry a more strong context with the biological factors of lymphocytes and
their complex interaction with cancer.
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Table A-1.: Full set of local morphological and contextual features
= Contextual features set No. 1 =
87 lymphocyte features at three different radii (k1,k2,k3)
Quantity of lymphocytes within the radius
Variance of the area of lymphocytes
Mean of the area of lymphocytes
Median of the area of lymphocytes
Strd dev. of the area of lymphocytes
Variance of the lymphocytes eccentricity
Mean of the lymphocytes eccentricity
Median of the lymphocytes eccentricity
Strd dev. of the lymphocytes eccentricity
Variance of the lymphocytes diameter
Mean of the lymphocytes diameter
Median of the lymphocytes diameter
Strd dev. of the lymphocytes diameter
Variance of the mean intensity
Mean of the mean intensity
Median of the mean intensity
Strd dev. of the mean intensity
Variance of the red RGB channel entropy
Mean of the red RGB channel entropy
Median of the red RGB channel entropy
Strd dev. of the red RGB channel entropy
Variance of the ratio between the red and blue RGB channel
Mean of the ratio between the red and blue RGB channel
Median of the ratio between the red and blue RGB channel
Strd dev. of the ratio between the red and blue RGB channel
Variance of the ratio between the red and green RGB channel
Mean of the ratio between the red and green RGB channel
Median of the ratio between the red and green RGB channel
Strd dev. of the ratio between the red and green RGB channel
14 Haralick Features











Information Measures of Correlation I
Information Measures of Correlation II
Maximal Correlation Coefficient
Zernike Features
72 set of rotation-invariant geometrical moments
= Contextual features set No. 2 =
102 lymphocyte features at three different radii (k1,k2,k3)
Sum of the inverse distance
Ratio between lymphocyte and non-lymphocyte areas
Ratio between lymphocyte’s area and the tissue sample
Ratio between total number of lymphocytes and non-lymphocytes
Median of the intensity difference
Ratio between lymphocyte’s area and the convex Hull area around it
Intersected area between lymphocytes and non-lymphocytes convex hull
Median distance between the lymphocyte and neighboring non-lymphocytes
Ratio of median distance between neighboring lymphocytes and non-
lymphocytes
Quantity of lymphocytes within convex hull non-lymphocyte’s area
Sum of the distance between lymphocytes and non-lymphocytes
Area of the tissue sample
Intensity entropy of the tissue sample
Max intensity of the tissue sample
Median intensity of the tissue sample
Minimum Intensity of the tissue sample
Median edge intensity of the tissue sample
Red RGB channel entropy of the tissue sample
Median ratio between red and blue RGB channel of tissue sample
Median ratio between the red and green RGB channel of tissue sample
Energy of Angular Second Moment of the tissue sample
Contrast of the tissue sample
Correlation of the tissue sample
Variance of the tissue sample
Inverse Difference Moment of the tissue sample
Sum Average of the tissue sample
Sum Variance of the tissue sample
Sum Entropy of the tissue sample
Entropy of the tissue sample
Difference Variance of the tissue sample
Difference Entropy of the tissue sample
Information Measures of Correlation I of the tissue sample
Information Measures of Correlation II of the tissue sample
Maximal Correlation Coefficient of the tissue sample









Median Intensity of the Edge
Entropy of the Red RGB channel
Ratio between the median red and blue RGB channel
Ratio between the median red and green RGB channel
B. Annex: Dirichlet Process Gaussian
Mixture Model (DPGMM)
B.1. Dirichlet Process (DP)
Dirichlet is a multivariate distribution over K random variables where k = 1, ..., K with
constrains 0 ≤ µk ≤ 1 and
∑K
k=1 µk = 1. Dirichlet distribution is part of a family of prior






The α parameter of the distribution is denoted as α1, ..., αK and α0 =
∑K
k=1 αk. Γ denotes
the gamma function. The distribution over the space of µk, is confined to a simplex of
dimensionality K − 1. An illustration can be seen in Figure B-1 for K = 3 and Figure B-2
showing different example for the parameter αk.
Figure B-1.: Illustration of the Dirichlet distribution with µ1, µ2, µ3 variables is bounded in
a linear manifold in a simplex. It is constrained by 0 ≤ µk ≤ 1 and
∑K
k=1 µk = 1
[87].
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Figure B-2.: Example of Dirichlet distribution over three variables, where the two horizon-
tal axes are coordinates of the simplex and vertical axis is the density value,
which from left to right are αk = 0,1, αk = 0,5 and αk = 1,0 [87].
Dirichlet process (DP) is the infinite generalization of the Dirichlet distribution, where its a
stochastic process that are distribution over function spaces, with sample paths being random
functions taken from the distribution [88]. In order to distribute a random distribution G0,
according to a DP, the marginal distributions have to be Dirichlet distributed. Let then H be
a distribution over Θ and α a positive number. For any finite measurable partition A1, ..., Ar
of Θ the vector G(A1), ..., G(Ar)) is random as G is as well random. Then, G is Dirichlet
process distributed and H is the base distribution and α is the concentration parameter,
stated as G DP (α,H), if
(G(A1), ..., G(Ar)) ∼ Dir(αH(A1), ..., αH(Ar)) (B-2)
The concentration parameter can be understood as an inverse variance: V ar[G(A)] = H(A)(1−
H(A))/(α+1), where the larger α is, the smaller the variance and DP will concentrate more
of its mass around the mean. The concentration parameter is understood as the strength
parameter, which highlight the importance of the prior when using DP as a nonparemetric
prior over distributions in a Bayesian nonparametric model (See Figure B-3).
As we know, the Dirichlet process can be observed as a characterization by the example of
the stick-breaking prior. Using the stick-breaking process for the construction of a DP, the
representation can be seen as an infinite sum of atomic measures, suggesting that the model
can be as well as a mixture model with multiple components. The parameter α affects the
use of G0, as when for small values of α, samples are more likely to be composed of smaller
number of atomic measures with large weights and for large values, most of the samples are
likely to be distinct or concentrated towards G0 [89].
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Figure B-3.: Illustration of an example, showing how the variation of the weight concen-
tration prior value affects how the atoms are concentrated. A low value will
make the model put most weight on few components, making the remaining
closer to zero, where high values will allow larger number of components to
be active in the mixture [78].
B.2. Dirichlet Process Gaussian Mixture Models
(DPGMM)
A Dirichlet process mixture can be constructed as a limit of a parametric mixture model,
where the Gaussian mixture model with K components can be written as:




Where θj = {µj, Sj, πj} is the set of parameters for the component j. The π are the mixing
proportions, mentioned before, must be positive and sum to one. πj is the mean vector
for component j and Sj is its precision (inverse covariance matrix). Defining a joint prior
distribution G0 on the component parameters and introducing indicator variables ci, i =
1, ..., n [89], the model can be written as:
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xi|ciΘ ∼ N(µci, Sci)
ci|πi ∼ Discrete(π1, ..., πK)
(µj, Sj) ∼ G0
π|α ∼ Dir(α/K, ..., α/K)
(B-4)
Based on the mixing proportions π, the distribution of a number of observations assigned to
each component (occupation number), is multinomial and the distribution of the indicators
would be,






The indicator variables are stochastic variables which the values encode the mixture compo-
nent. The values of the indicators are arbitrary as long as they represent to a certain point,
which observations belong to the same class, on the other hand, they can be as taking values
from 1, ..., K, where K is the total number of classes [89].
B.2.1. Hyperparameters
Taking into account the adaptable function for the computational use, in this work, the
Python Scikit-Learn [78] functions were used. Particularly, the variational Bayesian estima-
tion of a Gaussian mixture was applied with the Dirichlet process as the preior for weight
distribution, allowing the infer of an approximate posterior distribution over the parameters
of a Gaussian mixture distribution, where the number of appropriate components can be
inferred from the data. Knowing that DP algorithm is approximated for real applications, it
truncates the distribution with a fixed maximum number of components instead of going to
the ’infinity’. The stick-breaking representation is used [78].
The most important hyperparameter is the upper limiting variable, which indicates the
maximum possible number of components (clusters) to be formed and does not affect the
ability of the model to decide the best fit of components. This hyperparameter goes in hand
with variables in charge of ensuring the best fit would be met. One of those particular
variables is the maximum iteration to perform Expectation Maximization (EM) which
helps to find or estimates the maximum likelihood.
The other hyperparameter is the weight concentration prior which is directly involved
with the α variable of DP, which the higher the number it moves more mass to the center
of the mean and therefore more components being active, as well a lower value will allocate
more mass at the edges of the mixture weights simplex (Seen in Figure B-2).
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ABSTRACT
A number of papers have established that a high density of tumor-infiltrating lymphocytes (TILs) is highly
correlated with a better prognosis for many different cancer types. More recently, some studies have shown that
the spatial interplay between different subtypes of TILs (e.g. CD3, CD4, CD8) is more prognostic of disease
outcome compared to just metrics related to TIL density. A challenge with TIL subtyping is that it relies on
quantitative immunofluoresence or immunohistochemistry, complex and tissue-destructive technologies. In this
paper we present a new approach called PhenoTIL to identify TIL sub-populations and quantify the interplay
between these sub-populations and show the association of these interplay features with recurrence in early stage
lung cancer. The approach comprises a Dirichlet Process Gaussian Mixture Model that clusters lymphocytes on
H&E images. The approach was evaluated on a cohort of N=178 early stage non-small cell lung cancer patients,
N=100 being used for model training and N=78 being used for independent validation. A Linear Discriminant
Analysis classifier was trained in conjunction with 186 PhenoTIL features to predict the likelihood of recurrence
in the test set. The PhenoTIL features yielded an AUC=0.84 for prognostic prediction, compared to an approach
involving just TIL density alone (AUC=0.58). In addition, a Kaplan-Meier analysis showed that the PhenoTIL
features were able to statistically significantly distinguish early from late recurrence (p = 4 ∗ 10−5).
Keywords: Digital pathology, Lung cancer, Lymphocyte analysis, Classification, Clustering Analysis
1. INTRODUCTION
It is well-acknowledged that most tumors trigger an immune response modulated by tumor-infiltrating lympho-
cytes (TILs).1 Different studies have shown that density of TILs is highly correlated with the disease progression,
patient survival, and treatment response in different types of cancer.1–3 Recent works, however, have suggested
that studying immune infiltration might not be as valuable as evaluating the relative concentrations of the differ-
ent TIL subtypes, each of which may have different biological roles in tumor control.2 While some of these TIL
populations might stimulate an anti-tumor response, others might promote cancer progression.1 Unfortunately,
the different TIL subtypes are difficult to spot by manual inspection in Hematoxylin and Eosin (H&E) stained
samples.
For instance, multiplexed quantitative fluorescence (QIF) or immunohistochemistry (IHC) is needed to be able
to identify the TIL subtypes including CD3, CD4, and CD8 TILs. In,2 Schalper et al. showed that the increased
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levels of CD3 and CD8 TILs were associated with improved outcome in non-small cell lung cancer (NSCLC).
Interestingly, in,4 the spatial interplay between different families of intratumoral TIL cells was correlated with
survival in pancreatic cancer. More recently, in,5 the authors showed that the spatial interplay between tumor
and regulatory T cells was associated with survival in NSCLC. However, in all of these studies QIF or IHC was
employed for TIL subtyping, non-trivial and tissue-destructive processes.
However, even though the different TIL subtypes may not be visually discernible on routine H&E tissue slide
images, there is no doubt that spatial architecture of the different TIL phenotypes could be more prognostic of
disease outcome compared to TIL density alone. In this work we present a new approach called Phenotyping
of Tumor Infiltaring Lymphocytes (PhenoTIL) for identifying potential TIL cluster families and their spatial
architecture from routine H&E images, potentially obviating the need for more expensive and tissue destructive
approaches such as QIF and IHC. Quantitative measurements derived from the PhenoTIL approach were then
applied to predicting recurrence in early stage NSCLC and the approach compared strategies based off the
density of TILs and using the extracted local and contextual TIL features with no clusterization.
2. PREVIOUS WORK AND NOVEL CONTRIBUTION
Given the increasing evidence that TILs play a role in disease outcome,1–3 there has been substantial interest
in developing computerized image analysis approaches for quantifying the presence and extent of TILs from
both H&E and QIF and IHC images and predicting the outcome and response to therapy. However since this
work is focused on analysis of H&E images alone, we briefly review some of the previous computerized image
analysis approaches involving recurrence prediction and TILs from H&E images. Quantitative image features
of general nuclei shape and arrangement have been reported to predict lung cancer recurrence.6,7 Graf et al.8
developed a strategy to segment and count lymphocytes on histology images based off morphology and connected
components. Basavanhally et al.9 presented a scheme in which histology images were characterized by means of
architectural features (graph-based and from nuclear attributes), and then a support vector machine classifier
was trained to determine whether the grade of infiltration is low or high. Allard et al.3 used an approach to
automatically identify lymphocytes based on color and size, and then determined whether TIL density was high
or low depending on the number of detected lymphocytes. More recently, Turkki et al.10 applied a transfer
learning approach in which a convolutional neural network (CNN) was used to identify TIL rich regions. The
approach described in this work, PhenoTIL is unique in that it represents the first attempt to use machine vision
to automatically identify and analyze different TIL families from routine H&E images.
The PhenoTIL approach involves employing an automated detection followed by clustering of lymphocytes
in H&E images to establish a relation between different potential TIL families (See Figure 1). Different studies
have suggested that TIL subpopulations are strategically distributed with respect to the tumoral cells and
their spatial location might have biological meaning and relevance.2 A consequence of this finding is that any
representation of the tumoral relationships should take into account the contextual information, i.e., groups
of cells rather than individual nuclei. For this reason, a set of morphological and context-based features that
attempt to model the tumor environment and the relationships between lymphocytes and their surrounding cells
(lymphocytes and non-lymphocytes) need to be explicitly defined. In the PhenoTIL approach, lymphocytes are
grouped under a Dirichlet Process Gaussian Mixture Model (DPGMM), which involves clustering the data via
a non-parametric Bayesian framework that describes distributions over mixture models with an infinite number
of mixture components. The advantage of such grouping is to bypass assumptions about the number of TIL
clusters. Subsequently, each image is characterized by the histogram of occurrences of the identified TILs within
the particular partition defined by the groups. Finally, this PhenoTIL signature is used to train a machine
classifier to predict the likelihood of recurrence in early stage NSCLC patients.
3. METHODOLOGY
3.1 Identification and characterization of lymphocytes
A watershed-based algorithm11 is firstly applied to segment nuclei on the image. Considering that lymphocyte
nuclei are generally distinguished from other cell nuclei by their smaller size, more rounded shape, and a darker
Figure 1. Illustration of PhenoTIL methodology for identifying TIL subtypes.
homogeneous staining.9 We first segment all possible nuclei and then subsequently classify them either lympho-
cytes or non-lymphocytes (mainly, tumor cells) using different nuclei texture, shape, and color features12 (See
Figure 1(b)). Subsequently, each lymphocyte is characterized by its own local morphological features and by a
set of contextual features to describe the lymphocyte and its surroundings/neighborhood. For each lymphocyte,
a set of circles with incremental radii∗ of k = dL × 10, dL × 20, dL × 30 pixels were placed at the lymphocyte
center; dL = 20 pixels being the average diameter of all the detected lymphocytes. Finally, a set of features are
computed within each circle and used to characterize the lymphocyte (See Figure 1(c)). These features aim to
measure the grouping factor of lymphocytes, relative lymphocyte-cellular density, lymphocyte tissular density,
variation of the median intensities of lymphocytes, relative lymphocyte-cellular interspersing, among others. The
full set of features is described in Table 1.
3.2 Clustering analysis
Gaussian mixture models are probabilistic models that assume all the data points are generated from a mixture
of a finite number of Gaussian distributions with unknown parameters. In such cases, a Dirichlet Process as a
prior distribution of the number of clusters, makes that the probability mass can be easily re-distributed (Figure
2). DPGMMs can then automatically learn the number of clusters adjusted to the observed data, which make
them suitable for unsupervised clustering scenarios.
Figure 2. Illustration of a DPGMM. xi are the observed data points, zi is a set of labels assigning xi to one of the k clusters.
Cluster parameters are π (mixture proportions) and θ (cluster means and covariances) with associated uninformative priors
(α and λ)
Finding the lymphocyte clusters is performed as follows. First, it is assumed that there exists an infinite set
of latent groups, each described by a set of parameters (e.g., a Gaussian with mean µ and standard deviation
σ). Then, each lymphocyte must be assigned to a cluster, similarly to the ”Stick-Breaking process”, as follows:
• There is a stick of length one.
• A random variable β1 ∼ Beta(1, α) is generated, a real number between 0 and 1 is set by the Beta
distribution, with expected value 1/(1 + α). α is the concentration o scaling parameter, a positive real
number that influences the dispersion of data points (A low α value will generate more tightly clustered
data points while a high value will generate more clusters). The stick is then Break off at β1 and w1 is the
stick length at the left.
∗Different radii were used aiming to model a multi-scale approach
Table 1. Contextual Features
Sum of the inverse Euclidean distances between the lymphocyte on the center
of the circle and the other lymphocytes in the circled area.
Ratio between the sum of the area of lymphocytes and the area of non-
lymphocytes.
Ratio between the sum of the areas of lymphocytes and the eosinophilic tissue
area.
Ratio between the number of lymphocytes and the number of non-
lymphocytes.
Average of the squared differences between the median intensities of lympho-
cytes.
Ratio between the area of the convex hull containing all the lymphocytes and
the convex hull containing non-lymphocytes.
Intersection between the convex hull containing all the lymphocytes and the
convex hull containing all the non-lymphocytes.
Median of distances from each lymphocyte to closest non-lymphocyte neighbor.
Ratio between the median of the distance between all the lymphocytes and
their closest lymphocyte neighbor and the median of the distance between all
the non-lymphocytes and their closest non-lymphocyte neighbor.
Number of lymphocytes within a convex hull of non-lymphocytes.
Sum of distances between the centered lymphocyte and its non-lymphocytes
neighbors.
• Now take the stick at the right, and generate β2 ∼ Beta(1, α). Break off the stick at β2 and again, w2 is
the length of the stick to the left, i.e., w2 = (1 − β1)β2.
3.3 Image characterization
Once lymphocytes are assigned to a group, histopathologic images may be characterized using the clusters
obtained via the DPGMM. For this purpose, a particular image is then represented by a histogram containing




The dataset consisted of 178 H&E-stained tissue cores, corresponding to 178 different cases, from two independent
and well-characterized collections of NSCLC represented in tissue microarrays (TMAs). TMAs were prepared
using standard procedures and digitally scanned at ×20. Each tissue core was digitized within an image with
1500×1500 pixels which was labeled as either Recurrence or Non-recurrence, information patient medical record.
4.2 Experiment 1: Assessing the performance of PhenoTIL
PhenoTIL was evaluated in terms of its ability to determine whether a NSCLC patient is at risk for disease
recurrence. For this purpose, the whole dataset (See subsection 4.1) was randomly split into a learning (n = 100)
and a test (n = 78) sets. The learning set was used to determine the clustering parameters and to train
a Linear Discriminant Analysis (LDA) classifier model that separates cases into two classes: recurrence and
non-recurrence.
Different α values were used for clustering, and the performance of each set of clusters was assessed. In
addition, PhenoTIL was compared against two different approaches. The first is a model in which images are
characterized by lymphocyte local and contextual features but with no clustering. In this case, features pertaining
to lymphocyte mean, variance, skewness, and kurtosis are used to build the feature vector. A second prediction
model was also constructed based off the density of TILs in the image, i.e., the ratio between the number of
extant lymphocytes to the total tissue area.
Rows 1 and 2 of Figure 3 present some visual results corresponding to two non-recurrence cases while rows
3 and 4 illustrates two recurrence cases. These results show that some lymphocyte populations tend to appear
more frequently on the recurrence cases while others are more common in non-recurrence cases.
Left panel of row 5 of Figure 3 presents the Receiver Operating Characteristic (ROC) curves corresponding to
1) a model using only TIL density, 2) a model using only local and contextual TIL features, and 3) the PhenoTIL
model using different α values , which in turn resulted in 5, 8, and 10 clusters respectively. The corresponding
AUCs were 0.58, 0.61, 0.80, 0.84, and 0.81, respectively. Results show that PhenoTIL outperformed the other
models and a total of 8 clusters resulted in the highest area under the curve.
4.3 Experiment 2: Survival analysis using PhenoTIL
Right panel of row 5 of Figure 3 shows a Kaplan-Meier survival curve. We employed the previously optimally
determined number of clusters (8) for locking down the PhenoTIL classifier for the survival analysis on the test
set. PhenoTIL resulted in highly statistically significant separation between the patients who did and did not
have recurrence following surgery.
5. CONCLUDING REMARKS
In this work we introduced Phenotyping Tumor Infiltrating Lymphocytes (PhenoTIL), a novel approach for
phenotyping TILs from in H&E images. This strategy exploits contextual features of lymphocytes and clusters
them under a DPGMM framework. In a test set of n=78 patients, PhenoTIL was found to highly statistically
significantly distinguish early from late recurrence in early stage non small cell lung cancers, The approach was
found to be superior compared to an approach employing descriptive features of TILs and TIL density alone.
Future work will entail validating the TIL subtypes identified via PhenoTIL using a QIF or IHC based approach.
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Reserve University, Cleveland, OH; Case Western Reserve University, Cleveland, OH, US;
Hospital of the University of Pennsylvania, Philadelphia, PA; Cleveland Clinic, Cleveland,
OH; Taussig Cancer Institute, Cleveland Clinic, Cleveland, OH; Case Western Reserve Uni-
versity, Department of Biomedical Engineering, Cleveland, OH
Background: Immune checkpoint inhibitors have recently been FDA-approved for use in
advanced stage non-small cell lung cancer (NSCLC). These drugs target the PD-1 receptor
or its ligand PD-L1, but treated patients only have a response rate of about 20 %. It is thus
crucial to identify which patients will derive maximal benefit from such treatments, especially
since the current gold standard biomarker, detection of tissue-based PD-L1 expression, has
been shown to be inadequate. Previous studies have shown that computer extracted features
of nuclear shape and texture are predictive of recurrence in early stage NSCLC. The goal of
this work is to evaluate the role of features of nuclei shape and arrangement in the tumor in
predicting response to Nivolumab for NSCLC.
Methods: The study included 56 patients with NSCLC from two different institutions who
had had pre-treatment tumor biopsies and were treated with Nivolumab. The patients were
split into two categories, responders and non-responders, that were determined by clinical
improvement and radiologic assessment through RECIST criteria. The 245 features from
tumor nuclei included standard measures used to characterize shape and texture of nuclei
as well graph based features that capture the distinct spatial arrangement of the nuclei.
Features were extracted from tumor regions manually annotated on digitized H&E images
by two expert pathologists.
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Results: A statistical feature selection method determined the top five tumor nuclear fea-
tures from the training set. These features included the spatial arrangement of nuclei and
variance in nuclear shape and chromatin structure. A machine learning classifier trained with
these top five features yielded an AUC = 0.65 on the training set (n = 32) and an AUC =
0.6 on the independent validation set from a separate institution. (n = 24).
Conclusions: Computer extracted features of cancer nuclei were found to distinguish bet-
ween patients who did and did not respond to Nivolumab immunotherapy. Validation is
needed on larger cohorts from multiple different sites.
F. Annex: American Society of Clinical
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Abstract No. 2
Computer-extracted features relating to spatial arrangement of tumor infiltra-
ting lymphocytes to predict response to nivolumab in non-small cell lung cancer
(NSCLC).
Authors: Cristian Barrera, Priya Velu, Kaustav Bera, Xiangxue Wang, Prateek Prasan-
na, Monica Khunger, Arjun Khunger, Vamsidhar Velcheti, Eduardo Romero, Anant Ma-
dabhushi; Case Western Reserve University, Cleveland, OH; Hospital of the University of
Pennsylvania, Philadelphia, PA; Case Western Reserve University, Cleveland, OH, US; Cle-
veland Clinic, Cleveland, OH; Taussig Cancer Institute, Cleveland Clinic, Cleveland, OH;
Universidad Nacional de Colombia, Bogota, Colombia; Case Western Reserve University,
Department of Biomedical Engineering, Cleveland, OH
Background: Immune checkpoint inhibitors are now approved for use as therapy in ad-
vanced stage NSCLC. These drugs can decrease risk of progression by up to 60 % when
compared to standard chemotherapeutic regimens, but only about 20 % of treated patients
show significant benefit. The current gold standard for predicting response is increased tissue
expression of PD-L1, but recent studies have shown this measure to be inadequate. TILs are
correlated with PD-L1 levels and with antigen-induced anti-tumor immune pressure, with
increased TILs associated with treatment response and longer survival. Recent work suggests
that the spatial arrangement of TILs may be prognostic of outcome in several different cancer
types. Here we evaluate whether computer-extracted features relating to spatial arrangement
of TILs on digitized H&E images could predict response to Nivolumab in NSCLC.
Methods: The study included fifty-six NSCLC patients with diagnostic tumor biopsies
who were treated with Nivolumab. Responders and non-responders were classified according
to clinical improvement and radiologic assessment by RECIST criteria on the first post-
treatment CT scan. Two expert pathologists manually delineated tumor regions on digitized
H&E images of the biopsies. Computerized algorithms automatically identified TILs within
these regions, defined TIL clusters based on TIL proximity, and utilized network graph con-
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cepts to capture measurements relating to arrangement of these TIL clusters.
Results: The top five features determined by a statistical feature selection method reflected
the area and density of TIL clusters and the spatial proximity of the TILs to each other and
to tumor cells. A machine learning classifier trained on these top 5 features had an AUC of
0.76 on the training set (n = 32) and an AUC of 0.64 on an independent validation set from
another institution (n = 24).
Conclusions: Computer extracted features relating to spatial arrangement of TIL clus-
ters on digitized H&E images distinguished between patients who did and did not respond
to Nivolumab. These findings need to be validated on in larger, multi-site validation sets.
G. Annex: The IASLC 19th World
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Interaction of Tumor Infiltrating Lymphocytes and Cancer Nuclei Predicts Res-
ponse to Nivolumab in Non-Small Cell Lung Cancer (NSCLC).
Authors: Presenting Author(s): Xiangxue Wang — Author(s): Cristian Barrera, Cheng
Lu, Vamsidhar Velcheti, Anant Madabhushi
Background: Immune checkpoint inhibitors, particularly drugs targeting the Programmed
death-1 (PD-1) pathway, are promising agents in NSCLC. These drugs however are effective
in only a small subset of patients. Programmed death Ligand-1 (PDL1) expression in the
tumor predicts response to these agents but is not an optimal biomarker because of spa-
tial and temporal heterogeneity associated with PDL1. PD-L1 is upregulated in response
to inflammation in the tumor and strongly correlates with Tumor-infiltrating lymphocytes
(TILs). In this work, we evaluated whether quantitative measurements relating to the spa-
tial interplay and arrangement of TILs and cancer nuclei from diagnostic biopsy tissue slide
images (H&E) was predictive of response to Nivolumab.
Methods: Tumor biopsies of total 82 NSCLC patients previously treated with Nivolumab
from two different institutions were employed in this study. The RECIST criteria was used
to define response. [vv1] The 492 features characterizing the global interaction of TILs and
cancer cells through graph interplay metrics are extracted from tumor regions delineated
by two expert pathologists to interrogate the difference of phenotypes. Top 5 features were
learnt on learning set by random forest classifier from one institution (n=32) and indepen-
dently validated on patients from a second site (n=50).
Results: The most predictive features comprised of difference of characteristic path length
between lymphocyte graph and cancer nuclei graph and cosine similarity between lymp-
hocyte node and cancer nuclei node based on their node centrality index. The random forest
classifier yielded an area under the receiver operating characteristic curve (AUC) of 0.76 on
the training cohort and 0.68 on the validation set (Figure 1).
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Conclusions: Our results showed that quantitative measurements relating to the spatial
interplay and arrangement of lymphocyte and cancer nuclei from H&E slide images were
predictive of response to Nivolumab in NSCLC. Additional independent multi-site valida-
tion of these features is needed.
60G Annex: The IASLC 19th World Conference on Lung Cancer (WCLC) 2018 - Abstract
Figure G-1.: Pipeline. a), b) and c) shows the qualitative results of the model. d) ROC curve
for the training and testing validation set. e) Boxplot of the most significance
features, respectively.
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An automatic segmentation of gland nuclei in
gastric cancer based on local and contextual
information
Cristian Barrera, Germán Corredor, Sunny Alfonso, Andrés Mosquera,
Eduardo Romero
Universidad Nacional de Colombia, CIM@LAB, Bogota, Colombia
Abstract. Analysis of tubular glands plays an important role for gastric
cancer diagnosis, grading, and prognosis; however, gland quantification
is a highly subjective task, prone to error. Objective identification of
glans might help clinicians for analysis and treatment planning. The vi-
sual characteristics of such glands suggest that information from nuclei
and their context would be useful to characterize them. In this paper we
present a new approach for segmentation of gland nuclei based on nuclear
local and contextual (neighborhood) information. A Gradient-Boosted-
Regression-Trees classifier is trained to distinguish between gland-nuclei
and non-gland-nuclei. Validation was carried out using a dataset contain-
ing 45702 annotated nuclei from 90 1024x1024 fields of view extracted
from gastric cancer whole slide images. A Deep Learning model was
trained as a baseline. Results showed an accuracy and f-score 5.4% and
23.6% higher, respectively, with the presented framework than with the
Deep Learning approach.
1 Introduction
Gastric cancer (GC) is among the most diagnosed cancers and the second most
frequent cause of cancer-related death worldwide [1]. Geographically, the highest
incidence of GC is in Asia, Latin America, and the Caribbean [2, 3]. In Colombia,
GC is the first cause of cancer-related death, representing a 15% of all cancer
deaths, with a high incidence in the Andean zone, especially in the departments
of Nariño, Boyacá, and Cundinamarca. Currently, it is considered a major public
health problem that has generated an expense of more than 47 million USD in
five years [4].
GC comprises several kinds of lesions with different severity grades. From
such lesions, adenocarcinoma is the most common, representing more than 90%
of all GC [5]. Characterization and quantification of the adenocarcinoma might
establish plausible chains of events that improve the disease understanding and
reduce its mortality rates. Diagnosis is usually reached by an endoscopic biopsy
of the stomach which is processed and analyzed by pathologists who determine
the degree of malignancy [6]. One of the most common approaches to identify
and grade gastric adenocarcinomas is by identifying and estimating the density
of glands. Low-grade lesions are characterized by the presence of well/moderately
differentiated glands (Figure 1-a). In high-grade lesions, glands are highly irreg-
ular and poorly differentiated (Figure 1-b) [7, 5]. Identification of glands plays
an important role not only in diagnosis but also in establishing some prognosis
[7]. An accurate quantification is therefore essential for both the decision mak-
ing flow and the treatment planning. Unfortunately, this process has remained
highly subjective and prone to error. In this context, automatic measures may
contribute to identify tubular glands on GC samples.
Fig. 1: Representative images of Hematoxylin-Eosin stained tissue from gastric
lesions. a) Well-differentiated glands, b) Poorly-differentiated glands.
This work introduces an automatic strategy that exploits nuclear local and
contextual information to identify gland nuclei in fields of view (FoVs) extracted
from gastric cancer whole slide images (WSIs). The present approach starts
by automatically segmenting nuclei with a watershed-based algorithm [8]. Each
nucleus is then characterized by two types of features: first, its own morpho-
logical properties (size, shape, color, texture, etc.), second, its neighbor nuclei
features within a determined radius. Such features are used to train a Gradient-
Boosted-Regression-Trees (GBRT) classifier to differentiate between gland-nuclei
and non-gland-nuclei. Unlike other state-of-the-art methods, any feature in this
approach exploits nuclei relative information, i.e., any nucleus information is al-
ways relative to how such feature is with respect to its surrounding nuclei. This
strategy is compared with a Deep Learning (DL) model that was trained to
identify gland-nuclei. This DL model receives as input patches from WSIs and
outputs probability maps that are thresholded. A watershed-based algorithm
segments then the binary output map and splits the connected/overlaid cases to
set the final candidates.
2 Methodology
2.1 Preprocessing: Nuclei Segmentation
A watershed-based algorithm [8] is applied to segment nuclei, generating a mask
with the position of each nucleus. Each detected nucleus is then assigned to the
class either gland-nucleus or non-gland-nucleus (See Figure 2).
Fig. 2: Description of the nuclei segmentation. a) Original image, b) gland-nuclei
mask, c) non-gland-nuclei mask
2.2 Nuclear Local and Contextual Information (NLCI)
In H&E images, tubular gland nuclei are generally distinguished from other
cell nuclei by their orientation, color, oval shape, eosinophilic cytoplasm, and
proximity to other similar nuclei. For this reason, after nuclei were segmented,
a set of low-level features were extracted, including shape (nuclei structural
area, ratio between axes, etc.), texture (Haralick, entropy, etc.), and color (mean
intensity, mean red, etc.). Each nucleus was represented by this set of local
features. Additionally, for each nucleus, a set of circles with incremental radii of
k = dL × 10, dL × 20, dL × 30 pixels were placed at the nucleus center (begin
dL = 20 pixels the averaged nuclei diameter), aiming to mimic a multi-scale
representation. Finally, a set of regional features was computed within each circle
and used to characterize each of the segmented nuclei. These features measure
the neighborhood density and relative variations in color, shape, and texture.
A set of 57 local and contextual features were extracted from each image
nuclei and the 33 most discriminating characteristics were selected by distri-
bution analysis and Infinite Latent Feature Selection (ILFS) algorithm [9]. A
GBRT classifier[10] was then trained to differentiate between the gland-nuclei
and non-gland-nuclei classes. Specifically, we used an adapted GBRT framework
[11] which emphasizes the minimization of the loss function.
2.3 Baseline
The baseline corresponded to a state-of-the-art deep learning approach known as
Mask Region-based Convolutional Neural Network (R-CNN). This modification
of the Fast R-CNN algorithm [12] has been used in the Kaggle 2018 Data Science
Bowl challenge for identifying wider range of nuclei across varied conditions [13].
It uses a deep convolutional network with a single-stage training and a multi-
scale object segmentation. Mask R-CNN outputs an object detection score and
its corresponding mask [14].
The DL model was trained using a set of patches extracted from the FoVs.
The positive class patches correspond to the area covered by the bounding box
of each gland nucleus while the negative class patches were taken from the back-
ground, i.e., regions with non-gland nuclei. Aiming to increase the number of
training samples, different transformations (e.g., rotation and mirroring) were
applied to the patches. Model training was carried out using a total of 20 epoch
cycles with 100 steps each.
Figure 3 presents the architecture of a trained DL model for the exploratory
stage. A random extraction of a Region of Interest (RoI) is performed. This
RoI is projected to a convolutional network that generates a feature map. These
features are introduced to the RoI pooling layer for further processing. At the
last stage, fully connected layers generate the desired outputs, including the
gland nuclei candidate bounding box and mask.
Fig. 3: Mask R-CNN work flow. Figure extracted and adapted from [12]
3 Experimentation
3.1 Dataset
The dataset consisted of 90 FoVs of 1024 × 1024 pixels at 40× extracted from
a set of H&E WSIs taken from 5 patients who were diagnosed with GC. The
WSIs were provided by the Pathology Department of Universidad Nacional de
Colombia. A total of 45702 nuclei were manually annotated, being 12150 gland
nuclei while the remaining 33552 corresponded to other structures (non-gland
nuclei).
3.2 Experiments
Two experiments were carried out. The first attempted to classify between gland-
nuclei and non-gland-nuclei using the NLCI approach. A Monte Carlo Cross
validation method with 10 iterations was used. At each iteration, 70% of the
whole set of FoVs was used to train the GBRT classifier and the remaining 30%
was used to test the trained model. Finally, the measured performances along
the 10 iterations were averaged.
The second experiment aimed to identify gland-nuclei using the DL model.
For this purpose, 60 FoVs were used to train the model and the remaining 30 for
testing. In this case, gland-nuclei detection was assessed based on the number of
detected nuclei centroids that correctly overlapped with the ground truth nuclei,
judged as correct when centroids were within one nuclear radius.
3.3 Experimental Results
Table 1 presents different performance metrics for both assessed approaches.
NLCI achieved an accuracy of 0.977 and an F-measure of 0.955, while R-CNN
yielded corresponding accuracy and F-measures of 0.923 and 0.719, respectively.
For the qualitative results, Figure 4 shows the resulting gland nuclei segmen-
tation from both approaches, where R-CNN generates its own masks of single
gland nucleus presented by individual colors.
Fig. 4: Gland nuclei Segmentation showing, the ground-truth label (a), NLCI (b)





Table 1: Comparative measurements for both approaches.
4 Concluding remarks
In this article, two different approaches to automatically detect gland nuclei on
gastric cancer images were presented and compared: a model based on nuclear
local and contextual information and a DL model. Results demonstrate that lo-
cal and contextual features are appropriate to describe the structural features
of tubular gland nuclei. Despite the DL model presented good results, this ap-
proach requires a powerful/expensive infrastructure, long training times, and
huge quantities of annotated data. Due to the lower precision of the model, it
indicates the that only local information its taken into account. Future work
includes quantification of glands to establish correlation with cancer grade and
patient prognosis.
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